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Abstract
Mobility analysis by computer multi-body simulation of wheeled rovers plays a fundamental role in planetary exploration pro-
grams. Considering that in space missions systems have to operate within an environment often times largely unknown, it turns
out that embedding numerical analyses with stochastic methods can be beneﬁcial. This work presents results from applying non-
deterministic methods to mobility analysis of a planetary rover in condition of uncertain terrain properties. The terrain uncertainty
is quantiﬁed by experimental measurements of the soil properties by a dedicated equipment. Next, the soil uncertainty is propa-
gated through a multi-body model in order to assess the uncertainty of the rover position when traveling on soft soil. Probabilistic
and non-probabilistic approaches are carried out and compared.
c© 2015 The Authors. Published by Elsevier B.V.
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1. Introduction
In the ﬁeld of planetary exploration an eﬀort is made to develop computer models that ensure a good description
of the rover dynamics and mobility. In this context a crucial aspect is connected with the rover traﬃcability on sandy
terrain, which is largely present on the Moon and Mars surface. Thus, a correct modeling of the wheel-soft soil
contact plays a fundamental role. To date three diﬀerent modeling approaches have been aﬃrmed in terramechanics:
Bekker-based models1, Finite Element Method2 (FEM) and Discrete Element Method3 (DEM). FEM and DEM better
describe the physics behind the phenomenon under consideration. Therefore, they are potentially advantageous in
terms of accuracy. However, they require an important computational burden which currently limits their application
to analyses of a single wheel. On the other hand, Bekker-based models have a semi-empirical basis and ensure the
best trade-oﬀ between simulation time and accuracy. At the moment they represent the most used tool for numerical
analysis of the rover mobility on soft soils.
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where H = (ATA)−1AT . H is the pseudo-inverse of A which is deﬁned as long as M ≥ L. For an adequate choice of
the basis functions it is possible to prove that the rate of convergence of the solution is very fast and sensibly larger
than that of the conventional Monte Carlo Method. The optimal choice for Φs in case of uniform distributions for
input variables is given by Legendre polynomials. Legendre polynomials can be constructed by the recursive formula
Pi+1(x) =
2i + 1
i + 1
xPi(x) − ii + 1Pi−1(x) (6)
with i the order of the polynomial and P0(x) = 1 and P1(x) = x. The accuracy of the representation is controlled by
the maximum polynomial order D. Thus, for the case of one input variable the polynomial chaos expansion takes the
form
y(x) =
D∑
l
wlPl(x) (7)
For multi-dimensional problems with N-dimensional input variable x = [x1 x2 . . . xN]T a graded lexicographic
ordering can be adopted. In this case the polynomial chaos representation takes the form
y(x) =
∑
|l|≤D
w|l|Φ|l|(x) (8)
where
Φ|l|(x) = Pl1 (x1)Pl2 (x2) · · · PlN (xN) (9)
and having introduced the set of natural numbers l = (l1, l2, . . . , lN) ∈ N and |l| = l1 + l2 + · · · + lN , with l1, l2, . . . , lN
the polynomial order of the variable x1, x2, . . . , xN , respectively.
In the current problem, the input variables are k∗, Φ and J. As already said, c and D are ﬁxed to a given value
while n is expressed in terms of log10(k
∗) due to the linear correlation existing between the two parameters. The
assumed maximum polynomial order is D = 6 that for N = 3 results in 84 polynomial coeﬃcients. w is calculated
through 235 collocation points selected according to a 6-level full factorial design enhanced with an axial design. The
approximated responses are the spatial coordinates of the rover center and three angles deﬁning the rover orientation.
Once the weight vector w have been calculated through Equation 5, the model in Equation 8 is used for fast Monte
Carlo analysis in place of the multi-body model. The densities of the rover position obtained by PC are presented in
the plots of Figure 6 for selected time steps.
4.2. Interval analysis
Considering the amount of available information on the soil properties, interval analysis seems to ﬁt best. However,
a major challenge of this analysis is the computational burden often times very large. Indeed, unless the model
response is monotonic or very smooth, interval analysis entails global optimization procedures or other sample-based
procedures which can be very time consuming. Although SCM is signiﬁcantly faster than any DEM or FEM approach,
one multi-body rover simulation lasts in average more than 1h on a ordinary PC, resulting in excessive computational
burden. In order for speeding up the analysis, metamodeling strategy can be adopted: The original multi-body model
is replaced by a faster analytic model which is built by approximating a small set of multi-body simulation results.
This technique is eﬀective when the analyzed responses have a behavior which is not too irregular. In this work
the PC expansion, already used for probabilistic analysis, is also employed for non-probabilistic analyses. Although
it is always possible to make use of the PC expansion for generic model predictions, aforementioned convergence
properties valid in a probabilistic framework are not valid. Thus, the prediction accuracy of the PC expansion has
to checked. In the present case additional multi-body simulations were run at 80 testing samples evenly spread over
the parameter domain. The agreement of the numerical (multi-body model) with the analytic (PC model) solution
at three diﬀerent testing points are depicted in Figure 4. The plots give a general idea of the PC model predictive
performances. Predictions are very good for rover positions far above the experimental path (Figure 4.a), suﬃciently
accurate for positions nearby the experimental path (Figure 4.b) and inaccurate for regions far below the experimental
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information conveyed by the probabilistic analysis is caused by the wrong treatment of the existing uncertainties. The
multi-body model uses constant SCM parameters values during the simulation. Under the assumption that soil prop-
erties are approximately constant during the experiment, the values of the SCM parameter should reﬂect the averaged
soil properties experienced by the rover along its path. However, the averaged soil properties, although unique, are
unknown. This lack of knowledge is referred to as epistemic or reducible uncertainty. Epistemic uncertainty cannot
be properly described through a frequentist probabilistic which deals with the case of variability within an ensemble
of data instead.
5.2. Interval analysis analysis
Interval analysis removes the need for deﬁning probability contents within the parameter support. Considering
the amount of available information, interval approach seems to perfectly ﬁt the problem. However, interval analysis
introduces excessive conservatism, as exhibited by the extremely wide gray regions in the plots of Figure 7. Conser-
vatism makes the results not particularly useful for design purposes. Conservatism can be reduced by accounting for
correlation among input parameters which may lead to a reduction of the initial parameter space (see for instance con-
vex theory13). However, in the examined problem input variables are identiﬁed through diﬀerent kinds of bevameter
tests or engineering reasoning. This makes very hard to disclose further correlation among soil parameters. Recently,
inverse interval analysis aiming at the search for optimal input parameter intervals has been proposed14. However, it
can be applied as long as additional experimental data is available, which is not the present case.
5.3. Fuzzy analysis
Fuzzy analysis can be thought as an extension of interval analysis giving the researcher ﬂexibility in choosing
the interval combinations by deﬁning input parameters’ memebership functions. Considering the way in which crisp
values has been chosen and under the assumption of approximately constant soil properties along the rover path, the
color darkness of the areas in Figure 8 decreases when relaxing the constrain that the values of the SCM parameters
are exactly the crisp values or, in other words, relaxing the constrain that soil properties of the initial path are the same
as those of the remaining path. Fuzzy treatment appears here more powerful than interval approach as it may reduce
conservatism of this latter and provides a tool for rationale decision-making actions in a context of uncertainty. On the
downside, its application requires additional information (knowledge of the rover position for the initial short path)
with respect to interval analysis which may not be available. If more experimental data were used, like for instance
forces and moments measured by the sensors, an inverse fuzzy analysis could be performed as proposed in recent
works15. This could give a stronger criterion for choosing membership functions of the fuzzy inputs, leading to a
reduced output uncertainty.
6. Conclusions
In this paper uncertainty treatment of rover mobility on soft soil has been examined. The uncertainty of the soil
properties has been propagated through the model to assess the uncertainty of the rover position. Probabilistic, inter-
val and fuzzy analyses have been considered for this purpose. All methods evidenced large rover position uncertainty
caused by large uncertainty of soil properties which have high inﬂuence on the rover behavior. This is an important
issue to be accounted for in rover mobility simulations. In particular, probabilistic approach performed very poorly
and yielded misleading results as its uncertainty representation does not ﬁt the actual one. Interval and fuzzy analyses
give better results but the conservatism of the interval analysis and the need for additional data for sensible member-
ship functions are important issues to be addressed. Future work intends to explore the applicability of a Bayesian
framework and the utilization of additional sensors data for reducing the existing uncertainty.
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